Segmentation plays an important role in the pattern recognition and image processing areas. Several techniques have been proposed aiming at solving generic issues or particular applications. Traditionally, these techniques have been evaluated by using the Overlap measure, which verifies the coincident and non-coincident areas between the image resulting from a segmentation process and an image considered correct. Albeit widely, this type of measure does not allow flexibility in the assessment process. We here propose an approach to evaluate segmentation techniques using concepts from content-based image retrieval and considering a methodology for testing generic programs with graphical outputs, named graphic oracle. Our approach was applied to evaluate the segmentation of mammographic images, and the results indicate a performance compatible with the traditional measure with more flexibility and precision. Thus, our approach provides a contribution to allow a more flexible segmentation assessment, according to image characteristics and application objectives.
Introduction
Segmentation is the process of subdividing an image into its constituent parts or objects in order to isolate a region of interest [1] . Segmentation is essential to most image processing and pattern recognition algorithms as well as applications in related areas.
In approaches involving computer-aided diagnosis (CAD), for example, this task is the basis for locating suspicious regions in various medical imaging modalities. Zheng et al. [2] drew attention to studies showing that the effective segmentation of mammographic masses and microcalcifications are essential for developing CAD schemes. Image segmentation also plays an important role in recognizing biometric measurements [3] , objects in satellite images [4] , and plant structures in agriculture [5, 6] .
A segmentation scheme implemented for a given purpose must undergo an evaluation process to verify its effectiveness in terms of the problem under consideration. This process is largely composed of software testing activities. When a component is executed under specific conditions, the results are observed, and some aspects of the component is evaluated.
Evaluating segmentation algorithms is a special case of testing programs with graphical outputs. This problem has additional complexity as it is no easy task to confirm whether an output image is correct or not according to the system requirements. For example, with respect to mammography CAD schemes, Zheng et al. [2] stated that evaluating automated segmentation schemes is a difficult task and can be ineffective in the case of subtle masses with irregular diffuse edges and surrounded by dense breast tissues.
A systematic review [7] showed that most studies that evaluated segmentation schemes used the Overlap measure in this task [8, 9] and there is no new approach in the CAD context in the literature in the recent years. However, some proposals are cited to evaluate generic segmentation, such as set of scalable discrepancy measures [10] , the computation of the difference between a region extracted from a segmentation map and the corresponding one on an ideal segmentation [11] , a metric defined as a function of various error types [12] , a measure built according to defined quality criteria, such as shape parameters and homogeneity criterion between regions [13] , a metric based on the distance between segmentation partitions [14] , and more recently probabilistic metrics [15] .
A new software testing technique for programs with graphic outputs was proposed in [16] . This new technique applies concepts of content-based image retrieval (CBIR) to automate the testing oracles. Based on this new approach, this paper aims to propose, implement, and validate a software testing methodology for evaluating image segmentation results. To reach this goal, we use a previously developed framework named OFIm (Oracle For Images) 1 as a support tool. The validation is conducted with segmentation outputs of a breast region in mammographic images, which is part of a CAD system [17] .
The evaluation results from the proposed methodology were compared to the results that used a methodology based on the Overlap measure under equivalent test conditions. Thus, the consistency of our methodology could be validated with the results of a traditional measure and thereby determine its advantages and limitations. In general, the results from applying the methodology based on graphic oracles proved to be compatible with those obtained using the methodology based on the Overlap measure. A significant advantage of our approach regards its flexibility, which allows adaptation to the test criteria set for the system under evaluation.
In addition to this introductory section, this paper is organized as follows. The section "Background" offers a background regarding the main concepts used in this article as well as a literature review about assessment of segmentation schemes. The section "Research design and methodology" presents the materials and methods used to carry out the work, which includes a description of the testing methodologies evaluated, the characteristics extracted from the images, the similarity functions used, and the comparison and evaluation of the methods and the results. The section "Results and discussion" presents and discusses the results of the various experiments conducted. Lastly, the section "Conclusions" shows the final remarks.
Background
Segmentation, content-based image retrieval, and graphic oracles are the main concepts used herein, and are presented in the next three subsections. In the section "Evaluation of segmentation, " we provide a literature review about segmentation evaluation.
Segmentation
Image processing techniques have been used for several applications in a wide range of knowledge areas. A common classification of such techniques considers three categories: low, intermediate, and high levels. The former category considers techniques to smooth noises and enhance structures of interest in an image. The latter category is responsible for linking the information provided by the previous steps with a knowledge basis. Segmentation is in the second category. It aims at isolating a region of interest in an image. Pixels of this region have common characteristics, which are usually related to aspects of an object represented in the image. Segmentation helps in image classification, since it allows identifying structures present in images.
There is no consensus about the classification of segmentation techniques. One of the mostly used is provided by Gonzalez and Woods [1] , which categorizes the techniques in three generic classes: thresholding, edge detection, and region growing. The applicability of each technique depends on the image contrast and on the presence of noise. Segmentation is not a trivial task and must consider the goal of the application as well as the characteristics of the image. This is the reason that explains the constant publication of new specific techniques in the literature.
Content-based image retrieval
Content-based image retrieval is defined by Datta et al. [18] as the technology that assists in the organization of digital images through its visual content. The main components of the systems using this technology are feature extractors, similarity functions, and the image database itself. The feature extractors are used to compose a feature vector for each image. In general, after comparing feature vectors, CBIR systems return the most similar images to a model image provided as a reference, as represented in Fig. 1 .
The CBIR system performance and accuracy depend on the choice of suitable features to capture relevant information about the images. This is made in the feature extraction step, which usually occurs after a step of pre-processing and segmentation of the image. From then on, the extraction process assigns values for aspects inherent to the segmented object or the region of interest. For most applications, features for image content representation must be insensitive to variations in size, translation, and rotation. Several extractors can be implemented in a CBIR system, and each of them refers to one aspect of the image. The set of values resulting from the features extraction composes a feature vector.
Feature vectors are indexed in the database. Thus, given an user's query image, its feature vector is computed and compared to the feature vectors of images stored in the database [19] .
To apply a query per similarity in a image database, it is necessary to measure the distance between the feature vectors by using a similarity function. A similarity function is an algorithm that compares two feature vectors and returns a non-negative value. The most common process for this purpose uses metric distances as, for instance, the Euclidean distance.
The search process can involve the comparison between vectors with high dimensions. Thus, it can be necessary to optimize the performance of the queries by applying adequate index structures, particularly those driven by distance measures. Some works have proposed structures for this purpose [20, 21] .
Graphic oracles and the O-FIm framework
The definition of a test oracle refers to an effective mechanism that tells the tester whether the output obtained for a given test is acceptable or not [22, 23] . Oracles are well defined for trivial domains, when inputs and outputs of the program are, e.g., numbers or texts, but for more complex domains, some challenges exist.
A new approach was presented in [16] aiming at contributing to test software with graphic outputs. Using concepts of CBIR, the authors propose to automate the testing oracles for this kind of programs by extracting features from the output images and comparing them with a similarity metric. This approach was named graphic oracles.
These oracles can compare one output of the program under test against an image provided as a reference to execute this program. Thus, given the criteria related to the characteristics of the images, defined by the tester, the oracles give a verdict regarding the correct output under examination. Additionally, those researchers proposed a tool to support the definition and use of graphic oracles-the O-FIm framework.
The O-FIm framework is a tool that allows a tester to define features, similarity functions, and additional parameters for graphic oracles. A pre-defined structure was established to help the tester define new descriptors or new similarity functions. Thus, by using a graphic interface, the tester can choose which components will compose the graphic oracle for a program under test. The O-FIm framework meets all the needs to link these components and returns a verdict to the tester. CBIR concepts were adapted in the aforementioned framework context to allow calculating the distance between the feature vectors of two images, identifying their similarity. The model image refers to an image defined as reference (the expected output), and "image under test" (output of a given program under test) is the one the oracle indicates how similar it is to the model image. Figure 2 shows the framework architecture.
The core of the tool responds to commands to install feature extractors and functions of similarity (plugins) developed for specific image domains. It also provides an application programming interface (API) that allows creating oracles in a simple manner. To conduct a test, the tester must provide a textual description (oracle description) that indicates which are the components installed in the tool (similarity and extractor functions) to be used, as well as their parameters when needed. The O-FIm then uses this description to create the oracle.
The example below shows a textual description example of an oracle compatible with the framework. A graphic oracle is defined by two feature extractors, MyExtractor and OurExtractor, both receiving the necessary parameters for its implementation. Furthermore, also, as part of the oracle example definition is the inclusion of the Euclidean distance as a similarity function and the definition of a threshold value (precision) to indicate the maximum acceptable distance between two compared images to consider them equivalent. In the next sections, we refer to the threshold value in a graphic oracle as threshold. 
The oracle descriptors are a simple way to tell the framework how a graphic oracle should be created in order to carry out a comparison during the execution of a specific test. Given this scenario, the plugins are the tester contributions to create the oracles necessary for the testing activity to be conducted.
Evaluation of segmentation
We conducted a systematic review of CAD systems and metrics to evaluate segmentation in such systems [7] . From a large number of papers retrieved, 10 detailed segmentation techniques and the evaluation metrics used in the testing stage. In this context, evaluation metrics refers to metrics that use quantitative data obtained from a system execution to attribute it a performance index.
Five out of those 10 papers used the Overlap measure to evaluate the segmentation system [8, 9, [24] [25] [26] . This measure is the relative intersection area between two regions considered. Considering A seg , the area of an automatically segmented region, and A man , the correct area for the segmentation process (manually generated, for example), the Overlap measure is determined by Eq. 1. The value ranges from 0 to 1. The worst performance is indicated by a 0 value, meaning that there is no intersection between the expected area and the area obtained automatically. Otherwise, value 1 indicates a perfect segmentation.
Fig. 4 Evaluation methodology based on the graphic oracles applied to evaluate the breast segmentation scheme
The relative area difference measure, implemented in the evaluation of the works [2, 26] , measures the extent of the automatically segmented region that does not coincide with the expected correct region. This measure is defined in Eq. 2. If A seg = A man , then the relative area difference is equal to zero.
Relative area difference
Other metrics also used in the works included were specificity and sensitivity [27] [28] [29] . These metrics are part of a set of very traditional statistic metrics used for evaluating CAD systems. They are based on the concepts of true positive diagnoses (TP), true negatives (TN), false positives (FP), and false negatives (FN) [30] . When applied to segmentation, an approach to use these metrics is to determine the pixels for TP (belonging to the region of interest and segmented), TN (do not belong to the region of interest, and were not segmented), FP (do not belong to the region of interest but were segmented), and FN (belong to the region of interest and were not segmented).
The metrics presented in this section refer to the generic approaches that can and are used to evaluate segmentation schemes developed for different types of applications. These metrics were introduced at this time so that they could be compared using the approach proposed herein.
Research design and methodology
We proposed, applied, and evaluated a methodology based on graphic oracles to test a segmentation scheme used in [17] . We used the O-FIm framework as base technology to conduct all the experiments. The validation of the proposed methodology was performed by comparing its results with the results of a methodology based on the Overlap measure. Thus, we verified to what extent the graphic oracle approach based on CBIR can contribute to an effective evaluation of segmentation algorithms, as well as its advantages and disadvantages when compared to methods based on metrics as those presented in the section "Evaluation of segmentation".
First, we defined the case study and a graphic oracle was built for evaluating images of this case study. Next, we chose the similarity functions and the suitable features to be extracted from the images. The next step was to implement these artifacts in the O-FIm framework and to define a method to evaluate segmentation. Lastly, we compared the results with an Overlap-based evaluation approach.
Case study
The segmentation algorithm used in our tests automatically isolates the breast region in mammograms. The objective of this case study was to compare the results of an automated segmentation process with the results of a manual segmentation considered correct. Gray-level mammographic images were processed considering the steps described as follows. Firstly, the image is analyzed to find the center of mass and discover on which side the breast image is located (right or left). If the breast is located on the left side, a rotation is executed to put the image on the right side. Secondly, a thresholding is executed to transform the original image into a binary one, where the white region represents the breast and the black region is the background. Then, the center point of the right border is selected and, from it, radial lines are drawn from a determined interval of angles, from this point to the first black pixel found (first background pixel). Lastly, all the points found are joined to form the breast edge and all external points to this edge receive the black color.
We used 30 test cases of this scheme in the evaluation experiments. Two individuals manually segmented the breast region in the 30 original mammograms, thus generating two sets of ground truth (GT) composed of the reference images-in the context of our approach-in the test oracles.
For the following definition of the methodologies applied, we defined Output as the set of 30 outputs in the segmentation scheme adopted as the program under test. 1 and GT 2 are, respectively, the set of reference images produced by individual 1 and the set of reference images produced by individual 2. Figure 3 shows a mammogram example and its respective segmented images used in the experiments.
The graphic oracles are configured in relation to similarity functions and feature extractors. Therefore, to conduct the case study, we implemented and included different functions and extractors in the O-FIm framework. Each experiment was repeated three times, using a different similarity function in each execution. The results of a previously conducted study [31] determined three major similarity function groups with similar behaviors. For this study, one function from each of these groups was selected.
Similarity functions
We used three different metric distances in the experiments. They are presented as follows, where A and B represent the feature vectors of the two images being compared. In addition, n represents the number of feature extractors used to perform the comparisons.
Canberra distance: the Canberra distance between two vectors is given in Eq. 3. The calculation of this distance divides the difference module between each pair of corresponding features by the sum of the feature value module.
Statistical value χ 2 : the function determined by the statistical value χ 2 , shown in Eq. 4, emphasizes large discrepancies between the feature vectors compared [32] . It also measures how unlikely the vector distribution is when compared to the reference vector [33] .
, where
Euclidean distance: the Minkowski or L p distance is composed of the similarity functions most used in works that include CBIR and other types of content-based retrievals. These are traditionally used distances, but they are often chosen empirically [32] . The general form of distances in this family is shown in Eq. 5. 
When p = 2, we have the Euclidean distance, given in Eq. 6. For this distance, the points whose distances from a reference point (x, y) are less than or equal to a given r value form a circle centered at (x, y) in a two-dimensional space.
Feature extractors
Three feature extractors were implemented and included in the O-FIm framework herein. All features were implemented to normalize the computed values in the interval [ 0, 1] .
Area: the Area extractor counts the number of pixels that belong to a region of interest in the image (breast area represented). In the images we used, the region of interest is represented by pixels with values greater than zero (in the grayscale), as the images are binarized. The normalizalization of the result is obtained by dividing the number of pixels by the total number of pixels in the image.
Signature: the value computed by the Signature extractor represents the breast contour according to its regularity. Therefore, the algorithm finds the center of the breast in the last column of the image, with intervals in degrees, calculating the distance of this center point from the breast contour, and calculates the standard deviation of the values computed (for a perfect circle, this value should be zero). The extractor returns the standard deviation obtained divided by the highest measure calculated in the previous step.
Perimeter: this extractor counts the number of pixels belonging to edge of the region of interest in the image.
The value obtained is divided by the total perimeter in the image.
Methodology based on the proposed graphic oracles
To evaluate each output in the segmentation scheme (O i , i = 1 . . . 30), comparing it with each of its reference images (G 1,i e G 2,i , i = 1 . . . 30), we determined the graphic oracle textually described, as shown next. 
This oracle description considers the features of Area, Perimeter, and Signature (described in the section "Feature extractors") to compose the feature vectors. Thus, the automated segmentation quality can be evaluated by comparing the output vector under test with the vector of its reference image. To do so, a FS similarity function that calculates a measure is used to indicate the difference between vectors. A threshold value indicates the maximum value for this measure, which will indicate that the vectors are sufficiently similar to consider this segmentation correct. All characteristics used in this case study consider all the pixels with zero value in grayscale as background image (meaning of the thr parameter that appears in the description of the graphic oracle). The signature extractor uses an interval of 10°(parameter angleRadius) to compute the feature value (details are available in the section "Feature extractors"). Note that one of the reasons for choosing these characteristics was their simplicity. This fact demonstrated that extremely complex extractors are not needed to obtain the evaluation results that are consistent with the Overlap measure, which served as a basis for comparison in this study.
Besides the general graphic oracle defined above, comparisons were made using each feature individually. Thus, the contribution and influence of each feature in different test scenarios constructed in this work could be evaluated. Figure 4 shows a diagram representation for the methodology stages based on the graphic oracles applied herein.
Threshold definition
To establish whether an output tested passed or failed the test (comparison), a threshold value must be determined (threshold) that will indicate the maximum difference that can be computed between two vectors so they can be considered similar.
Given a similarity function FS(X, Y ) that calculates the distance between vectors X and Y and any graphic oracle, the approach to determine the threshold value used in this study is shown in the diagram of Fig. 5 and described as follows.
Each image of the reference set GT 1 is compared to its corresponding image in the reference set GT 2 , using the oracle under consideration (similarity function and extractors). Thus, the set of distances is obtained, as shown in Eq. 7.
Dist(GT
Fig. 9 Example of segmentation rejected by applying the methodology based on graphic oracles (using the Canberra distance, the three extractors, and threshold with α = 1), but approved by applying the ComplOverlap methodology. The first image (O 27 ) is the output image to be evaluated. The second (G 1, 27 ) is the reference image produced by individual 1 The threshold value can then be calculated using Eq. 8.
As the distances between the images of GT 1 and GT 2 are small-as they were manually processed-the α value represents the number of times the distance between an output and its reference image can be greater than the maximum distance between two reference images of the sets GT 1 and GT 2 for the same output. In this study, we conducted experiments using different values for α, varying them from 1 to 2 at fixed intervals.
Methodology based on the Overlap measure
The Overlap measure was determined in Eq. 1. To compare the evaluation results from the methodology based on graphic oracles and the results from the Overlap measure, this measurement had to be adapted. The first step was to take the complement of its value, that is, subtract the computed value of 1, as shown in Eq. 9.
Thus, the closer to zero the ComplOverlap value is, the better the segmentation performance. This measurement transformation was performed to allow calculating a threshold similar to that shown in the Section "Threshold definition".
The ComplOverlap values were calculated from the image pairs corresponding to sets GT 1 and GT 2 , obtaining set V (Eq. 10).
Similar to that shown in the Section "Threshold definition, " the threshold value was determined by using Eq. 11.
The ComplOverlap value was calculated to evaluate each output of the segmentation scheme with its respective reference images of sets GT 1 and GT 2 . The threshold values determined were then used to evaluate whether the output passed different test scenarios (possible due to the change in value α). For automating these procedures, algorithms were implemented to calculate the ComplOverlap between a pair of images (representing the segmented regions) and to evaluate the results.
A coherent comparison was thus made between the methodology based on graphic oracles and the methodology based on Overlap measure, the ComplOverlap.
Results and discussion
The performance of the segmentation scheme was determined as a quality criterion to evaluate the number of images approved, that is, those which, according to the evaluation method used, were correctly segmented by the system. The performance measure considered was the percentage of approved images.
All the experiments that included the defined graphic oracles were performed three times. A different similarity function was used in each run (see the Section "Similarity functions"). Results from the Canberra distance
The graphs in Fig. 6 show the performance of the segmentation scheme evaluated according to the two methodologies described: the method based on the Overlap measurement (ComplOverlap) and the four variants in the methodology based on graphic oracles (using each extractor individually and the three together). We considered α = 1 to determine the thresholds.
Comparing the number of approved and disapproved images, for the set of reference images GT 1 , the ComplOverlap methodology was verified to have approved two images less than the "Canb + All" oracle. Using the set GT 2 , only one image was. Therefore, when the two methodologies are compared, no significant variation was observed in the number of approved images, given that the greatest difference was of only two images. In this experiment, the ComplOverlap method proved to be more rigorous for evaluating the images.
Applying each extractor individually for both sets of reference, a less significant variation was obtained in the number of images approved for the Area extractor ("Canb + Area")-one more image was approved for GT 1 and two more images for GT 2 . More significant variations, that is, a greater number of approved images was observed in the Perimeter ("Canb + Peri") and Signature ("Canb + Sign") extractorsfive more images approved for GT 1 and eight more images for GT 2 .
According to these results, for the Canberra distance, the most critical feature (the one that most disapproved) was the Area, which significantly influenced the results when all three extractors were applied in unison. Note how in this result, in the graphic oracle approach, each extractor is individually important in the comparison. This means that the evaluator or system tester can set the characteristics that are important for a satisfactory segmentation and use them in the evaluation. In fact, the empirical results showed that, excluding only the Area extractor, the number of approved images increased to 21 when the reference set GT 1 was used, and increased to 19 when GT 2 was used.
The Overlap measure evaluates only the features of the area in the segmentation and the location of the segmented region. Thus, the quality of the system under evaluation is intrinsically related just to these characteristics. In the methodology based on graphic oracles, many other characteristics may be incorporated, such as the regularity and circularity of the edge, and other features, hence enriching the test process and increasing the tester flexibility.
In this first experiment, in relation to ComplOverlap and also to the three characteristics applied together, the performance of the system changed, as shown in Table 1 . For both sets of reference, the performances remained in the same range-between 50 and 60% of the images approved for GT 1 and between 40 and 50% of approved images for GT 2 -divergence not exceeding 10%.
The evaluation results considering the value of α equal to 2 are shown in the graphs of Fig. 7 . By multiplying the thresholds by a factor of 2, both assessment methods proved to be more flexible, approving a higher number of outputs. The variation between the ComplOverlap methodology and the graphic oracle methodology increased when the Canberra distance and the three extractors were applied. ComplOverlap approved three images less using GT 1 , and two images less using GT 2 . However, the consistency between the two methodologies is still verifiable with these results, given that, again, the divergence between the methods was small-three and two images, respectively. Table 2 shows the performances of the segmentation scheme obtained for ComplOverlap and the graphic oracle with three extractors, applying thresholds with α = 2. Table 2 highlights the major differences mentioned in the results of the two methods, however with a difference not as great as that observed for α = 1. Also in this experiment, the difference in percentage of approved images did not exceed 10% for both reference sets.
Next, the α values varied between 1 and 2, taking intervals of 0.1 in the ComplOverlap methodology, as well as in the graphic oracle methodology that applied the three extractors together. The graphs of Fig. 8 show the results from this variation. Overall, for both sets of reference, the difference between the number of approved images, using both methods, was observed not to exceed 13% (four images) for any α value. For most of the α values, this percentage was even lower. This result demonstrates the consistency between methodologies and shows that both had similar performances for the system tested under most of the conditions used, especially for lower α values.
Also important is the fact that for all of the α values used, the ComplOverlap methodology was more rigorous in the evaluation of the segmentation system, that is, fewer images were approved. This shows that the inclusion of characteristics the Overlap measure does not consider, such as Signature, influences the evaluation of the results.
Moreover, the results showed that the same images approved in the ComplOverlap methodology were not always also approved in the graphic oracle methodology or vice versa. This result can be explained taking into consideration that in the graphic oracle methodology, different characteristics were considered and, as already mentioned, each one had its individual influence in the comparison. Thus, the most significant change of a given characteristic may cause an image to be rejected by the graphic oracle, but that the ComplOverlap measure does not vary so much as to reject the same image. Figure 9 shows an example.
Between the output image evaluated and its reference image in the GT 1 set, there is a uniformity discrepancy on the edge of the segmented region, especially the top and bottom extremities. In fact, as shown in Table 3 , the Signature extractor reflected this discrepancy by using the Canberra distance when comparing the image vectors. Individually, this was the only extractor responsible for rejecting the image in the methodology based on graphic oracles. As it has no control over the characteristics related to the edge uniformity, the ComplOverlap methodology was not able to reflect the discrepancy in the images.
Results from statistical value χ 2
The graphs of Fig. 10 show the results of experiments that applied the statistical value χ 2 as similarity function in the graphic oracles determined. Results from the ComplOverlap methodology in these graphs are the same as in Fig. 6 , as there are no versatile parameters in this methodology, except for the α value to define the threshold.
For both reference sets, with similarity function χ 2 , the performances obtained with ComplOverlap and with the graphic oracle that used the three extractors ("χ 2 +All") were verified to be basically the same, varying in only one image, the reference set GT 1 . Table 4 shows that these performance values varied within the same range as the values observed, under the same conditions using the Canberra distance. However, no performance over 50% was achieved.
For the extractors applied individually with the function χ 2 , for α = 1, no characteristic was significantly more critical than the others. This result could explain the lower variation observed for the results of the ComplOverlap methodology and the results of the graphic oracle using the three extractors together. Figure 11 shows the results achieved for thresholds with α = 2. Using the reference set GT 1 , the performance achieved with ComplOverlap was similar to that observed using the graphic oracle, which used the three extractors. As for the reference set GT 2 , the methodology ComplOverlap approved four more images. Table 5 shows the performances obtained.
Individually applying the extractors to the graphic oracle approach showed that the increase in thresholds highlighted the Area feature as the one that least approved outputs for both sets of reference, unlike the results from α = 1, in which this difference was less significant. Figure 12 shows the results from varying the values of α from 1 to 2. Also for the χ 2 function, the difference between the number of approved images did not exceed 13% for any value of α when comparing the two methods. For most of the α values, this difference is of only one or two image outputs. These graphs also show the thresholds used to obtain similar performances in the segmentation system.
Unlike the Canberra distance, similarity function χ 2 was more rigorous in most thresholds than the ComplOverlap methodology. Figure 13 shows that by using the Euclidean distance, together with α = 1 thresholds, our methodology again showed similar performances to those of ComplOverlap. The results varied in only two outputs when the reference set GT 1 was used and one output when GT 2 was used.
Results from the Euclidean distance
Individually applying each extractor in the graphic oracle methodology, higher numbers of approved outputs are observed, with some performance variation between extractors. Thus, it is important to check the consistency of the results from the ComplOverlap methodology and the results from the graphic oracles, regardless of the similarity function used. Table 6 shows the performances obtained with Euclidean distance, using thresholds with α = 1, compared to the performances obtained with the ComplOverlap methodology (those already compared with the performances of the two other similarity functions). These results indicated similar performance to that of the other two similarity functions applied. Figure 14 shows the results from using thresholds with α = 2. The greatest difference between the results from the ComplOverlap methodology and the results from graphic oracles was observed when the images of the GT 1 set were used as references for the outputs tested. In this situation, ComplOverlap approved four images less compared with the oracle, which used the three extractors together.
Even so, the performances observed for this threshold value, with the Euclidean distance, were consistent with the performances that used the Canberra distance. Table 7 shows the performances achieved with the Euclidean distance together with the performances achieved with the ComplOverlap methodology. Again, considering the extractors individually, there were variations in the number of approved outputs comparing extractor against extractor. Even with these differences, comparing the results of the four oracles and the ComplOverlap methodology, it was verified that the performance of the segmentation schemes did not significantly differ from each other. Figure 15 shows the α variation between 1 and 2, the approval results for the outputs of ComplOverlap and of the oracle of three extractors. Again, the difference between the two methodologies did not exceed 13% of the images approved for any value of α. There were smaller variations for higher values of α and for the set GT 1 also lower values of α. There were also thresholds that led to equivalent performances using both sets of references.
Considering the reference set GT 1 , the ComplOverlap was more rigorous than the graphic oracle only after value α =1.5. Considering the set GT 2 , for any value of α tested, ComplOverlap was more rigorous or produced results equivalent to those with the graphic oracle.
Comparison between the similarity functions used
With the results presented in the previous subsections, the performances obtained were in accordance with the results of the three similarity functions used. Differences were observed for these results, which were expected, since functions with behaviors different from each other were selected, according to a previous work on similarity functions [31] .
The graphs in Fig. 16 show a comparison between the results from using each of the similarity functions and from the ComplOverlap methodology.
It was observed that for most α values tested, the Euclidean and Canberra distances were less rigorous than the ComplOverlap methodology. However, function χ 2 was more rigorous than this metric in most cases.
Characteristics, advantages, and limitations of the methodology based on graphic oracles
The main limitation or disadvantage of the proposed methodology regards the computational cost involved.
The more images to be tested, the more feature vectors to be computed. The greater the vector size, the more processing is required. This disadvantage can be minimized by optimizing the algorithms implemented with effective indexing techniques (for example, when there is a fixed set of images it is not necessary to always calculate the same features if their values are efficiently stored) and with size reduction techniques for the vectors.
Even with this limitation, the advantage of adapting the methodology to the evaluation criteria for each particular system, determining the specific extractors, is very interesting and powerful. The experiments conducted demonstrated the consistency of the results with results provided by a technique that is widely used in the literature. However, although the methodology based on the Overlap measure, in the specific case of the experiments discussed here, exhibited similar results, it does not have the same flexibility as the proposed methodology.
Although apparently simpler, the intersection between the images compared does not allow finding differences that could lead to improving the algorithms implemented in a CAD scheme. However, using the specific extractors, as proposed in this study, can help to more precisely identify defects in the software. For example, the preprocessing algorithms may be distorting the edges of the Table 7 Performances obtained using Euclidean distance by combining the two methodologies with the two sets of reference (threshold with α = 2)
ComplOverlap (%)
Eucl + All (%)
Output × GT 1 70 83
Output × GT 2 77 Fig. 15 Approval or disapproval results from the ComplOverlap methodology and with the graphic oracle that used the three extractors and the Euclidean distance, using thresholds ranging α from 1 to 2. The first diagram shows the evaluation results using as references the images manually segmented by individual 1 (GT 1 ). The second diagram used as references the images manually segmented by individual 2 (GT 2 )
structures of interest, a defect that an edge extractor can more clearly point to, as is the case of the example shown in Fig. 9 .
With all the results shown, the methodology based on graphic oracles was concluded to be a robust tool to evaluate the performance of segmentation schemes. A key attribute of this methodology is that the evaluator can define which criteria are deemed important for evaluating the system and transform them into feature extractors. Thus, during the tests, only the essential can be taken into consideration. For example, if the regularity of the edge of the segmented region is not so relevant to consider whether the segmentation is accurate or not, a Signature extractor will not be necessary. However, if the size and location of one or more objects in the image are relevant, then the Area and Center of Mass extractors [1] , for example, may be effective for composing feature vectors.
Furthermore, the O-FIm framework is a free tool that is available and can be used to configure graphic oracles, as well as serve as API for implementing test scripts that use such oracles to evaluate systems with graphical outputs.
Conclusions
This paper presented the results of a case study in which an evaluation methodology was tested on a segmentation scheme for mammographic images. The proposed methodology is based on graphic oracles and uses the OFIm framework as a tool for configuring the oracles and for conducting the tests.
The contribution of this paper is to provide a flexible methodology for evaluating segmentation schemes, which can include features of interest, besides the segmented area. The O-Fim framework is distributed as free software and available for public access. The feature extractors used in the experiments were also available and can be easily reused. In addition, other extractors can be implemented, including extractors based on techniques used in the segmentation process itself.
The results in this work demonstrate the validity of the proposed methodology and its consistency with the results of a second methodology based on the Overlap measure, a metric that has been used in many works found in the literature to evaluate segmentation schemes. In the experiments conducted, the proposed methodology proved to be robust for the similarity function used and also flexible and adaptable to effectively evaluate segmentation schemes.
Endnote
1 http://www2.ccsl.icmc.usp.br/pt-br/projects/o-fimoracle-images
